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Abstract:  This paper explores  how  specific  media images affect adolescent attitudes and 
outcomes. The specific context examined is the widely viewed MTV franchise, 16 and Pregnant, 
a series of reality TV shows including the Teen Mom sequels, which follow the lives of pregnant 
teenagers during the end of their pregnancy and early days of motherhood. We  investigate 
whether the show influenced teens’ interest in contraceptive use or abortion, and whether it 
ultimately altered teen childbearing outcomes. We use data from Google Trends and Twitter to 
document  changes  in searches and tweets  resulting from the show, Nielsen ratings data to 
capture geographic variation in viewership, and Vital Statistics birth data to measure changes in 
teen birth rates. We find that 16 and Pregnant led to more searches and tweets regarding birth 
control and abortion, and ultimately led to a 5.7 percent reduction in teen births in the 18 months 
following its introduction. This accounts for around one-third of the overall decline in teen births 
in the United States during that period. 
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I. INTRODUCTION 
It is a longstanding and open question how exposure to media images affects the behavior 
of viewers. Policy advocates and cultural observers worry, in particular, about the impact of 
exposure to sexual and violent content on the behaviors of adolescents. In some circles, the idea 
that teenagers respond to media content is a foregone conclusion, but determining whether the 
media images themselves cause the behavior is a very difficult empirical task.
1 The purpose of 
this paper is to examine the impact of the widely viewed MTV show, 16 and Pregnant, on 
teenage attitudes and outcomes. This show purports to show the difficult reality of becoming a 
teen mother.  As we document below, 16 and Pregnant  has drawn large audiences among 
relevant subpopulations. One clear indication of the show’s success is the spinoffs it has 
generated: Teen Mom, Teen Mom 2, and Teen Mom 3. Could exposure to these media images of 
pregnant teens and  very young new  moms  have  had an impact on how teens think about 
pregnancy and ultimately on whether they become teen mothers themselves? If so, this would 
have important implications for thinking about how to effectively communicate with teens and 
influence their behaviors.  
The context of teen childbearing in the United States makes this question an important 
one to study. In 2012, 29.4 out of every 1,000 girls between the ages of 15 and 19 (2.94 percent) 
gave birth in the United States. This rate is considerably higher than that in any other developed 
country, where typical rates of teen childbearing are more often in the range of 5 to 10 births per 
1,000 girls in this age group (Kearney and Levine, 2012a). Though still an outlier internationally, 
the U.S. teen birth rate has declined dramatically over the past 20 years, falling from 61.8 births 
                                                 
1In terms of sexual behavior, evidence is cited showing that teens who watch sexual content on television are more 
likely to experience a teenage pregnancy. For example, popular press pieces by Stein (2008) and Tanner (2008) cite 
evidence from Chandra, et al. (2008).  But evidence like this does not isolate the effect of the exposure from the 
choice of a particular type of individual to watch such content.  
per 1,000 teen girls in 1991. This decline has occurred in two distinct waves. Between 1991 and 
2008, it fell largely continuously from 61.8  to 40.2, representing an annual average rate of 
decline of 2.5 percent per year. Teen birth rates fell far more rapidly in the next four years, 
dropping from 40.2 to 29.4, or 7.5 percent per year.  
The  timing of the introduction of MTV’s  16 and Pregnant  is such that it  might 
conceivably have contributed in some measure to the most recent, very sharp decline. Ever since 
its introduction, various observers have made conflicting claims about the show’s influence on 
teens. Some have highlighted the show’s focus on the difficulties of raising a child at such a 
young age and have concluded from this coincident timing that the show is at least partially 
responsible for the recent decrease in teen childbearing rates.
2  Others  argue that the show 
glamorizes teen pregnancy, with its cast members essentially becoming media “stars,” whose 
lives are followed in the tabloids well after their show airs.
3 
In this paper, we take advantage of data from a number of sources to investigate the 
impact of the MTV show. Specifically, we investigate the following three questions: (1) Was 
exposure to the show substantial? (2) Did exposure to the show influence teens’ interest in birth 
control or abortion?
4  (3)  Did  teen childbearing outcomes  change as a result of the show’s 
introduction?  We use several measures of exposure, including Nielsen ratings data and  the 
                                                 
2For example, see http://www.csmonitor.com/USA/Society/2010/1221/A-force-behind-the-lower-teen-birthrate-
MTV-s-16-and-Pregnant and http://blog.thenationalcampaign.org/pregnant_pause/2011/11/us-teen-birth-rate-drops-
a-dra.php. 
3http://www.cnn.com/2011/OPINION/05/04/henson.teen.mom.show/index.html?_s=PM:OPINION, accessed 
6/18/2013.   
4Ideally, we would also conduct a full analysis of the impact of the show on sexual activity and contraceptive use as 
behavioral outcomes. We attempted to use data from the Youth Risky Behavior Surveillance (YRBS) system – years 
2007, 2009, and 2011, to do that. These data are collected biannually in odd numbered years since 1991 for high 
school students who respond to the survey at school. A major disadvantage of using these data for this purpose, 
though, is that the sample sizes of youth in each geographic area can be quite small. In many states in which data are 
available, surveys were only completed by perhaps a thousand students regarding sexual activity and then perhaps a 
few hundred of them regarding use of contraception among those sexually active. Sample sizes at this level per state 
resulted in weak statistical power, leading us to omit a discussion of our analysis in this paper.  
  
frequency with which individuals search for the show on Google and tweet about it on Twitter. 
We measure the influence on teens’ decision making process with data on the frequency with 
which teens include terms like birth control or abortion in their searches/tweets.
5 Finally, we 
examine the impact on teen birth rates using Vital Statistics Natality microdata.  
We use multiple empirical approaches to answer these questions. First, we present a 
descriptive analysis using several of our data sources to measure exposure. Nielsen ratings data 
is a direct indicator, but we can also examine high frequency data (daily or weekly) available 
from Google Trends and Twitter to look for time series spikes in searches and tweets on the 
show’s title on  the  day/week  that a new episode is released. Second, we  conduct a similar 
analysis using high frequency data from these sources to look for increases in searches and 
tweets on terms like “birth control” when spikes appear in searches/tweets on the show’s title. 
Third, we take advantage of geographic variation in the data, examining whether locations with 
relatively higher levels of searches/tweets about 16 and Pregnant during the period when the 
show is on the air also experience relatively higher levels of searches/tweets about things like 
birth control.   
Fourth,  we  exploit geographic variation in measures of the show’s viewership  (as 
captured by ratings) to investigate whether differential exposure to the show led to differential 
changes in teen birth rates. We correct for the fact that interest in a show about teen pregnancy is 
likely to be higher in locations where the teen birth rate is high. Geographic fixed effects hold 
constant time invariant factors. Greater interest may also occur in those areas where teen 
                                                 
5Identifying relevant terms included in searches or tweets is critical in this process. We explored other terms 
attempting to identify interest in sexual activity and adoption, but were unable to convince ourselves that they were 
sufficiently narrowly focused on the same concept we wanted to explore. For instance, searches for “how adopt” 
were dominated over our time period by the 2010 earthquake in Haiti and tweets including the term “adopt” or 
“adoption” were frequently not about children. In terms of sexual activity, we considered searches for terms like 
“does sex hurt” or “sex first time,” as ones that may represent the reflective consideration about having sex that we 
want to test. We did not find a relationship between media exposure and these search terms.  
childbearing is rising (or falling more slowly). To correct for this, we implement an instrumental 
variables (IV) strategy, predicting 16 and Pregnant ratings with a broad measure of MTV ratings 
from a previous period. The identifying assumption of the IV approach is MTV ratings in the 
period before the show aired would be unrelated to subsequent trends in teen childbearing. 
The results of our analysis indicate that exposure to 16 and Pregnant was high and that it 
had an influence on teens’ thinking regarding birth control and abortion. Large spikes in search 
activity and tweets about the show are evident exactly at the time a new episode was released. 
We also see an associated spike in Google searches and twitter messages containing the terms 
“birth control” and “abortion.”  Locations in which the show was more popular experienced 
greater increases in searches/tweets like this when the show was on the air.  
Our most important finding is that the introduction of 16 and Pregnant along with its 
partner shows, Teen Mom and Teen Mom 2, led teens to noticeably reduce the rate at which they 
give birth.
6 Our estimates imply that these shows led to a 5.7 percent reduction in teen births that 
would have been conceived between June 2009, when the show began, and the end of 2010. This 
can explain around one-third of the total decline in teen births over that period. Data limitations 
preclude us from conducting separate analyses of pregnancies and abortions, but we note that 
teen abortion rates also fell over this period (Pazol, et al., 2013). This suggests that the shows’ 
impact is attributable to a reduction in pregnancy rather than greater use of abortion. 
II. BACKGROUND 
A. Show Content 
  MTV describes 16 and Pregnant as an “hour-long documentary series focusing on the 
controversial subject of teen pregnancy. Each episode follows a 5-7 month period in the life of a 
teenager as she navigates the bumpy terrain of adolescence, growing pains, rebellion, and 
                                                 
6Teen Mom 3 was not on the air yet during our sample period.  
coming of age; all while dealing with being pregnant.” The show first aired in June of 2009. 
Through October of 2013, it has been on the air for five “seasons” of 8 to 13 hour-long episodes 
(47 episodes tracking individual girls plus a handful of specials).
7  
To understand the nature of the messages conveyed in the show, we hired research 
assistants to view every episode of 16 and Pregnant and record aspects of its content. Appendix 
A tabulates the results of that exercise. Here we offer some highlights. The girls on the show are 
largely from high birth rate states (15 of 47 from Texas, Florida, and Alabama). The racial/ethnic 
demographics of the girls on the show are fairly representative of the teen population in the 
United States, but not of the population of new teen mothers. Across episodes, 32 of 47 featured 
teen moms are white, non-Hispanic (in the U.S. teen population in 2010, 59 percent are white, 
non-Hispanic; but among teens who gave birth that year, only 39 percent are). Most girls (38 of 
47) did not live in two parent households at time of pregnancy, which is consistent with broader 
statistics of teens giving birth (National Campaign to Prevent Teen and Unplanned Pregnancy, 
2009).  
Among the girls on the show, ambivalence towards teen childbearing is rampant. Only 18 
out of 47 report opposition to their pregnancy when they found out, although none report that 
they were looking to get pregnant. The most common reasons for getting pregnant include not 
thinking she would become pregnant or have sex at that time (36 of 47) and ambivalence (28 of 
47). Only 5 of 47 report trying to avoid a pregnancy, but failing. Three-quarters of the girls (36 
of 47) report not using any form of contraception at the time they got pregnant. 
An important emphasis on most episodes is the relationship between the girl and the 
father of her child, who is typically her boyfriend. Of all the pregnancies, four led to a marriage 
                                                 
7MTV only labels the show as having four seasons, but “season 2” ran from February through April and then 
October through December of 2010, which we label as two seasons. The show has spawned the spin-offs, Teen 
Mom, Teen Mom 2, and Teen Mom 3, which we will address subsequently.  
prior to the birth and three led to adoption. There we no abortions. Almost all (40 of 47) of the 
boyfriends stick around through the pregnancy. Many fathers (31 of 44) live with the girl and her 
child afterwards and most of them (26 of 31) are heavily involved in the child’s life. Only four of 
the fathers are completely uninvolved. Just over half (24 out of 44) of the relationships between 
the girl and her boyfriend either collapsed or were very strained by the end of the episode. 
The show also emphasizes the implications of teen childbearing for the teen mother’s 
health and well-being.  Consistent with national trends, 11 out of the 47 births (23 percent) 
occurred via C-section; some occurring after up to 26 hours of labor.
8 In addition, in eight of the 
47 pregnancies the mother or her baby experienced a significant health complication. One 
mother needed to spend a full month in the hospital as a preventative measure. One baby needed 
to be airlifted to another hospital to receive needed treatment. The show portrays extensive sleep 
deprivation for the teen mothers. Overall, the realities of the lives of teen mothers are presented 
in ways that may have been unknown or difficult to imagine for other teens viewing the show. 
B. Previous Research on the Impact of Media Exposure 
  To the best of our knowledge, ours is the first paper to offer a credible estimate of the 
causal effect of specific media content on teen childbearing rates. There is descriptive survey 
work suggesting that the images portrayed specifically on the show 16 and Pregnant might have 
had an influence on adolescent view. In a study for the National Campaign to Prevent Teen and 
Unplanned Pregnancy, Albert (2010) reports that 82 percent of teens who report watching 16 and 
Pregnant  indicate that it “helps teens better understand the challenges of pregnancy and 
parenthood.” Only 17 percent report that it “glamorizes teen pregnancy.” Chandra, et al. (2008) 
found that teens who viewed more sex content on television were more likely to become 
                                                 
8In the United States in 2007, the C-section delivery rate for women under age 20 was also 23 percent. For details, 
see http://www.cdc.gov/nchs/data/databriefs/db35.pdf.  
pregnant.
9  Making the link to actual behavior that might lead to teen childbearing, however, is 
complicated by the fact that those who are more likely to give birth at a young age may be the 
ones who are more likely to view media with greater sexual content. No past research of which 
we are aware has adequately overcome this limitation. 
  Related research on the impact of media exposure on other outcomes has implemented 
methods that plausibly lead to causal estimates. In a true experimental setting, Gerber, et al. 
(2011) examine the impact of political advertising on television on public opinion polls, finding 
that greater exposure to the ads has substantial, but short-lived, effects on voter preferences. In 
quasi-experimental analyses, Dahl and DellaVigna  (2009)  find that rates of violent crime 
actually fall the same day that popular violent movies are released, partly attributable to an 
“incarceration effect.” Card and Dahl (2011) find that family violence increases in the aftermath 
of an upset loss for a home football team. Both of these studies use the plausibly random timing 
of those events to determine that the effect may be thought of as causal. La Ferrara, Chong, and 
Duryea (2012) exploit geographic variation in exposure to Brazilian soap operas, finding that 
fertility rates fall when areas become exposed to soap operas on television that portray small 
families.  Similarly, Chiou and Lopez (2010) find that businesses in Laguna Beach, CA, 
experienced more break-ins relative to a neighboring city following the introduction of another 
MTV reality TV show, Laguna Beach: The Real Orange County, which portrays the extensive 
wealth of the community. We employ similar empirical strategies in our subsequent analyses.
10 
                                                 
9This analysis links the level of exposure to media with sexual content between the ages of 12 and 17 to subsequent 
rates of teen childbearing, finding that a positive relationship exists even after controlling for many observable 
factors. The authors recognize that their findings are not necessarily causal, stating “although our model included a 
wide range of potentially confounding factors as covariates, there is the possibility that we did not account for all 
factors that may alternatively explain the relationship we uncovered.” On the other hand, they conclude, “despite 
these limitations, our study clearly suggests that television plays a role in shaping adolescent reproductive health 
outcomes.” 
10Price and Dahl (2012) describe the advantages of these types of approaches in identifying causal estimates of the 
impact of media influences on family outcomes.  
Our paper offers a number of contributions to research on the influence of the media in 
affecting social outcomes. First, as noted earlier, most previous work addressing the influence of 
the media is correlational in nature. Our methods provide an important contribution to this 
literature. Second, our paper is among  the first to provide plausibly causal estimates of the 
intermediate steps that occur between exposure and behavior. Our use of data from Google 
Trends and Twitter enable us to provide some gauge of what viewers are thinking about when 
they watch the show. Third, our use of data from these sources is among the first academic 
papers in which they are applied to examine social outcomes like teen childbearing. 
III. DESCRIPTION OF THE DATA 
  Our analysis relies on a number of data sources, namely, Nielsen ratings, Google Trends, 
Twitter  records, and Vital Statistics Natality microdata. In this section we provide  relevant 
details on these various sources.  
A. Nielsen Data 
  Nielsen ratings data have been the gold standard in measuring exposure to television 
shows for decades.
11 The Nielson Corporation collects these data from households either through 
meters that are attached to television sets or through diaries that are kept by household members. 
The results of their data acquisition are used to generate “ratings points,” which represents the 
percentage of the population that watched an episode of a show. Ratings by demographic status 
and geographic location are also available.
12 Geography is defined by media markets, which are 
                                                 
11Nielsen is very restrictive in the release of its data. Researchers have access to these data through contractual 
relationships that allow very limited disclosure. 
12Demographic information is only available in diary data because that is how Nielsen can determine who is 
watching the television when it is on. This does introduce a potential source of bias in that different demographic 
groups may have different propensities to complete the diary (cf. Kanazawa and Funk, 2001).  
labeled “Designated Market Areas,” or DMAs, which are collections of counties. We have data 
on 205 DMAs in the continental United States.
13 
  Technological change has somewhat hindered Nielsen’s ability to completely monitor 
household viewing habits. For several years, individuals have had the ability to record shows and 
watch them later and, more recently, individuals have the ability to stream recently released 
episodes of shows over the internet. Nielsen does measure some time shifting in that they can 
determine whether a recorded show is watched within one, three, or seven days of its release. 
The data we have obtained from Nielsen suggests the geographic correlation in ratings of shows 
watched live versus recorded is very high. This means that our use of ratings within one day of 
airing is a suitable measure of exposure. Similarly, despite the decline in viewership that has 
occurred recently as online streaming has become more accessible, watching television shows 
live is still the predominant manner in which individuals, and even teens, watch shows.
14 
  The Nielsen data  available to us include ratings data during the “sweeps” periods 
(November, February, May, and July) in each DMA for those aged 12 to 17, 18 to 24, and all 
ages for each season of 16 and Pregnant, Teen Mom, and Teen Mom 2. Teen Mom (initial airing 
date, December 2009) follows four of the “stars” from the initial season of 16 and Pregnant 
through their first years of motherhood. Teen Mom 2 (initial airing date, January 2011) follows a 
similar strategy, focusing on “stars” of 16 and Pregnant, season 2.
15  We aggregate the data for 
                                                 
13There are 210 DMAs in total. We do not have ratings data for the 4 DMAs in Alaska and Hawaii and our 
crosswalk between counties and DMAs omits the Laredo, Texas DMA, leaving us with usable data for 205 DMAs. 
14 Between 2011 and 2013, those between ages 12 and 17 (18 and 24) reduced the hours spent watching traditional 
television from 24.3 (26.8) hours per week to 21.4 hours per week (23.4) (Marketing Charts, 2013). This indicates 
that online viewing may be making some inroads into traditional TV viewing, but the traditional method appears to 
still be the main form. Moreover, MTV reports that in 2011 around 350,000 individuals per week streamed episodes 
of 16 and Pregnant from MTV’s website compared to the 2 million viewers, on average, who watched the show 
“live” (within one data of initial airing – MTV, 2012). Although this is a substantial number of streaming viewers, it 
also suggests that live TV ratings still represent a useful source of exposure to a TV show. 
15The exact dates that each of these shows aired during our sample window is as follows:  
those 12 to 24 and across all seasons/shows to generate an average measure of viewership in 
each DMA of the entire 16 and Pregnant franchise. Our reason for doing this is to reduce the 
sampling variability that is generated by relatively small samples of young viewers in each DMA 
during a single sweeps period.
16 Based on this construction, we do not take advantage of any 
time series variability in the popularity of the shows once they began. Viewership as measured 
by Nielsen and aggregated by us is one of our primary measures  of exposure.
17  To ease 
exposition, we will refer to this collection of three shows simply as 16 and Pregnant. 
  A number of previous economics papers have made use of Nielsen ratings data, mainly to 
investigate issues of racial preference or discrimination. Kanazawa and Funk (2001) examine 
Nielson Ratings for professional basketball games as a function of white player participation; 
Aldrich, Arcidiacono, and Vigdor (2005) examine Nielsen ratings for ABC’s Monday Night 
Football as a function of quarterback race; and Myers (2008) examines how the racial make-up 
of a local television news staff affects ratings.  These papers examine Nielson ratings as the 
variable of interest and investigate determinants of ratings. We have a different conceptual goal, 
which is to use Nielsen ratings as a measure of exposure to content.
18  
                                                                                                                                                             
     16 and Pregnant: 6/11/2009-7/31/2009, 2/16/2010-4/20/2010, 10/26/2010-1/5/2011, 4/19/2011-6/28/2011, 
3/27/2012-6/6/2012. 
     Teen Mom: 12/8/2009-1/26/2010, 7/20/2010-10/12/2010, 7/5/2011-9/20/2011, 6/12/2012-8/28/2012. 
     Teen Mom 2: 1/11/2011-3/29/2011, 12/6/2011-2/14/2012, 11/12/2012-2/12/2013. 
All shows are ongoing in new seasons beyond those dates. A new series, Teen Mom 3, began in August of 2013 and 
follows the lives of the girls from season 4 of 16 and Pregnant. Its later starting date pushes it beyond the window of 
analysis in this paper.  
16To be more specific, we have data from 7 months in which one of these shows was on the air during a sweeps 
period. The average number of viewers tracked for those 12-24 is 192 per DMA/month. This leaves us with 1,344 
viewers in all 7 months, on average for a DMA. With an average rating of 1.8, the average number of viewers per 
DMA who watched one of these shows is 24. We have chosen not to conduct this analysis on a monthly basis, 
because it would leave us with just 3.5 viewers per DMA per month, on average. 
17The public controversy regarding the potential “glamorizing” effect of 16 and Pregnant may include other forms 
of exposure, like tabloid coverage, which we cannot capture. It is possible that our analysis could generate different 
results if we focused on exposure through these alternative forms of media. 
18Some studies in marketing and advertising have used Nielsen ratings to measure exposure to advertising. An 
example from economics includes a study by Saffer, Wakefield, and Terry-McElrath (2007) on the effect of 
exposure to nicotine replacement therapy advertising on youth smoking. 
  
B. Google Trends 
  Data from Google Trends provides indexed values of the relative frequency with which 
individuals search Google for a particular term. Historical data going back to 2004 are available 
for countries, states, and cities; we focus on data from the United States collectively and by state 
in different parts of the analysis.  We focus on searches specifically for 16 and Pregnant, 
ignoring searches for Teen Mom or  Teen Mom 2  because of the ambiguity of those words 
(particularly teen mom) in a search. The index is designed to vary between 1 and 100, where a 
100 is assigned to the period or location in which the search frequency is the highest relative to 
all searches conducted. Index values in other periods or locations are determined proportionally 
to that maximum value. Data are  available beginning in 2004. Geographical searches are 
possible because Google is able to identify a user’s location by the IP address. Since IP addresses 
are usually assigned to internet service providers within region-based blocks, an IP address can 
often be used to identify the region or country from which a computer is connecting to the 
Internet.  
Presumably because of the extent of search activity, the results provided by Google 
Trends are based on a sample of searches rather than the full universe. If a data cell is defined 
narrowly enough (i.e. too short a period of time over too small a population in the area), in a 
particular sample search, activity may be sufficiently limited that Google chooses not to report it 
(indicated by a reported index value of 0). This approach by Google generates two potential 
problems. The first is sample selection bias, which would occur if, in small samples, only those 
random draws that generate unusually high search activity are reported. The second is just 
ordinary sampling variability, which is a problem largely for standard error calculations if we 
treat the reported data as fixed constants rather than random variables. To overcome these  
obstacles, we repeat our searches on Google Trends multiple times and select only those states 
for which data are available in each period. We then take the average of the index values, which 
substantially reduces the sampling variability. Another shortcoming of these data is that they do 
not include any demographic information, including age, about the individual conducting the 
search. We maintain the assumption, which we recognize to be imperfect, that the types of 
searches that interest us for this project are likely, but certainly not exclusively, made by 
adolescents and young adults. 
Google Trends search data has now been used by a number of previous authors, mostly in 
studies interested in forecasting economic activity and by studies in the field of finance. Papers 
by Choi and Varian (2009a and 2009b) showed that Google Trends could help predict economic 
indexes, including predictions of tourism activity and unemployment insurance claims.
19 Google 
Trends data have also been used in a number of finance studies as a measure of investor attention 
and search activity (cf. Da, Gao and Engelberg, 2011; and Vlastakis and Markellos, 2012). It has 
also been used to examine labor market questions. For example, Baker and Fradkin (2013) use 
these  data  combined with administrative  unemployment insurance data from 2006-2011  in 
Texas; they show that individuals receiving UI search less than individuals who are unemployed 
and who are not receiving UI.  Garthwaite, Gross, and Notowidigo (forthcoming) use Google 
Search data to examine job search activity in their analysis of the relationship between public 
health insurance provision and employment; they find that searches for the term “job openings” 
peaked in months when public health insurance access was limited. 
Perhaps the papers that use Google data that are closest in intent to our analysis are those 
by Stephens-Davidoff (2013a and 2013b). The first paper uses Google Trends data to explore the 
                                                 
19Choi and Liu (2011) cite nearly 20 papers that have used Google Search data in a variety of market contexts: 
capital markets, entertainment markets, labor markets, real estate markets, and healthcare markets.  
  
impact of racism on votes for Barak Obama. To do this, the author compares changes in election 
results between 2004 and 2008 as a function of the rate of Google searches for racial epithets by 
state. The second paper uses Google Trends data to better track child maltreatment over the 
course of the business cycle based on searches one might conduct if they were suspicious of this 
form of activity (like “child abuse” or “child neglect”). Still, our paper is among the first to use 
these data as a lens to interpret the intermediate steps between exposure to an external stimulus 
and social outcomes. 
C. Twitter 
  Twitter records all “tweets” – defined as messages to the online Twitter message service, 
where messages are limited to 140 characters – made by individuals. Accessing those data is not 
as straightforward as using Google Trends. One can conduct a search on twitter.com/search and 
receive a list of recent tweets that contain a search term. There is no way to access historical data 
nor is there a way to count the frequency of tweets on this public website. The Twitter “fire 
hose” (a library of past tweets) can be obtained, but it is extremely difficult to work with because 
of the format and amount of data available. Obtaining these data requires the use of a third party 
vendor that has a contract with Twitter to process searches, aggregating the frequency of tweets 
that contain specific search terms and providing geographic variation in their frequency. We used 
Topsy Labs.
20  As with our use of Google Trends data, we restrict our attention to tweets 
including 16 and Pregnant, ignoring Teen Mom and Teen Mom 2 because of the ambiguity of 
those terms in a tweet. 
                                                 
20In December of 2013, Apple Inc. purchased Topsy Labs. Although the service’s future is unclear, at that time they 
ceased accepting new user contracts. The data we have extracted from Topsy Labs are available upon request from 
us, but they can no longer be accessed at this time from Topsy Labs itself. Other providers of Twitter data are 
available, however.  
  One limitation in these data is that geographic detail is difficult to obtain. Only a very 
small share of users identify where they live when they open their Twitter account and those 
locations are not updated if the account holder moves. Twitter also does not release IP addresses 
for tweets coming from the Twitter fire hose (largely because of the extent of tweeting from cell 
phones), so geography cannot be identified that way. To determine the location of the person 
sending the tweet, Topsy uses a probabilistic model that assigns an individual to a place based on 
a large number of factors. Examples include some information provided in the user’s profile, 
check-ins at events/locations (i.e. foursquare), times tweets are made (to help get time zone), 
specific tweet content (“if you don't drive at least 80 on the mass pike, get off the mass pike”), 
and geographic detail contained in hashtags (“Excited for our upcoming kickball tournament to 
benefit NCCF!  Hope you can join us on 9/14! #chevychase #bethesda”).  They can then use the 
small sample of account holders who report geographic information to validate their methods. 
They report: “our methods allow us to geoinfer the origin of tweets with over 90% coverage by 
country, 80% accuracy by state/province, 40% accuracy by city, at a 90-95% confidence level.”
21   
In our analysis, we use all available tweets between January 1, 2009 and December 31, 
2012; 38 billion tweets from the United States in English are available over this time period.
22 
Using these data, we can tabulate the total number of tweets made from each state, conditional 
on the availability of location. We then calculate a “tweet rate” by determining the number of 
                                                 
21This statement was provided in a personal communication between us and Topsy in an email dated May 21, 2013.  
We should also indicate that the process of generating these geographic data appears to be a work in progress. In 
working with these data we have identified data abnormalities that seem to occur in the geographic data, but not the 
national data. Over time, some of these issues have been resolved and new issues introduced as the algorithm for 
creating these data has been modified. The basic patterns of our results have never been substantively affected, but 
we believe it is prudent to interpret our reported results using geographic Twitter data with some caution. 
22The data available to us do not include all tweets made during this period. We do not have access to tweets that 
have been deleted at the request of a user or tweets from users who have closed their account. This also raises 
another issue with respect to the use of these data – even the historical data is dynamic. As users delete tweets or 
close accounts, the available historical data changes. This means that subsequent investigators who attempt to 
replicate our results will not be able to do so without obtaining the exact data extract that we obtained. We are able 
to provide these data upon request.  
tweets per one million total tweets that contain a specific search term (in the United States in 
English). As with Google Trends data, no demographic detail, including age, is available on the 
person sending the tweet. We simply assume that those tweeting about 16 and Pregnant are more 
likely to be younger and a potential viewer of the show. Appendix B describes specific Twitter 
content related to the entry “16 and Pregnant” and other associated terms. 
Few examples exist of papers that use Twitter data in an economics analysis of individual 
behavior. There are a handful of studies in political science that use Twitter data to identify 
political ideology and study information and influence networks in this context (cf. Barbara, 
2013).  Another  set  of papers in the field of finance are also available that examine the 
relationship between Twitter data and financial activity. For instance, Blakespoor, Miller, and 
White (2012) find that firms’ use of Twitter to send hyperlinked information to market 
participants is associated with relevant market outcomes in a way that is consistent with a 
reduction in information asymmetry. Liu, Rui, and Whinston (2013) examine how Twitter 
activity affects movie sales. They find that positive tweets increase movie sales and negative 
tweets decrease sales. We believe we are the first to use Twitter data in an empirical application 
to measure what those tweeting are thinking as an intermediate step in a broader investigation of 
an important social outcome. 
D. Vital Statistics Natality Microdata 
Our final source of data is from the Vital Statistics system and includes much of the 
information on birth certificates for virtually every live birth in the United States  between 
January 2006 and December 2010. The main strength of these data is its universal nature and 
large sample size (several hundred thousand teen births per year). For the purposes of this 
project, the ability to identify the exact age of the mother for every birth provides us with the  
ability to generate counts of births for very precise age groups, including younger and older 
teens. We also take advantage of the county identifiers that are available. Access to county 
identifiers is particularly useful because it provides us with a way to aggregate  births by 
occurrence in each DMA, which is the only source of geographic information available in the 
Nielsen data that we use to measure exposure. We are also able to approximate the month of 
conception in these data because month of birth and gestational age are available. This enables us 
to better link the timing of exposure to the show to the timing of the activities that led to a 
subsequent birth. All birth timing reported in the remainder of this analysis is based on the month 
of conception. 
IV. DESCRIPTIVE ANALYSIS OF EXPOSURE 
  Before we can undertake an analysis of the influence of 16 and Pregnant  on  teens’ 
thinking regarding birth control and abortion or on the rate of teen childbearing, it is important to 
document that teens’ exposure to the show was substantial. That is a necessary condition for it to 
have had much influence. In this section, we use Nielsen ratings along with data on tweets and 
Google searches to provide that documentation.   
The entertainment media, basing its assessments on Nielsen ratings, generally references 
16 and Pregnant as a hit show (see, for instance, Adalian, 2010; and Bricklin, 2012). Just after it 
was released, MTV reported that the show “has garnered amazing ratings … and consistently 
taking the #1 spot in its time period among (women between ages 12 and 34) and #1 across all of 
television among (women between ages 18 and 24)” (Seidman, 2009). More popular episodes 
attracted over 3 million viewers in total and received ratings up to 8.0 among women between 
the ages of 18 and 24 (Seidman, 2010). As a point of comparison, 6.4 million viewers, on 
average, watched weekly episodes of the hit ABC comedy, Modern Family, in the 2010-2011  
season and the show scored an average rating of 4.9 among adults between the ages of 18 and 49 
(Gorman, 2011). Although the target population of 16 and Pregnant is considerably smaller, 
among that narrow group it is a very highly rated show. Indeed, a nationally representative 
survey of around 1,000 teens between the ages of 12 and 19 found that 71 percent had seen an 
episode of 16 and Pregnant (Albert, 2010). 
Considerable geographic variation is also evident in the extent of exposure. In Figure 1, 
we report the average rating by DMA for all three shows in the 16 and Pregnant franchise for 
those between ages 12 and 24 in all sweeps months during our 2009-2012 sample period in 
which one of these shows was on the air. The results indicate that the show is the most popular 
among those in the South and in the Midwest, with some pockets of popularity elsewhere.  
As a point of comparison, it is useful to present these results with a similar analysis of the 
geographic variation in teen childbearing by DMA; we report this in Figure 2. This figure defines 
teen births by age of conception rather than the more traditional age of birth for consistency with 
the remainder of our analysis. In this figure, we also see that teen births are more common in the 
South and Midwest. However, they are also very high in the Southwest where the show is not 
popular and very low in New England where the show is reasonably popular. Ratings are very 
low in California, where teen birth rates are moderate. Statistically, the population weighted 
correlation between Nielson ratings data and teen birth rates is 0.16, which is positive, but small.  
We also use data from Google Trends and Twitter on the likelihood of searching for or 
tweeting about the show as an alternative measure of exposure. The presence and magnitude of 
spikes in searches/tweets for the show around the time that it is on the air suggests greater 
exposure. These data indicate that variability in searches/tweets over time is extensive.  
Figure  3  displays weekly data between the beginning of 2009 and the end of 2012, 
highlighting the weeks during that period in which new episodes of the show were released. 
These data show clear signs of spikes in searches and tweets precisely in the weeks of this period 
in which new episodes were available. Searches peaked in the spring of 2011 and tweets peaked 
in the summer of 2009, both during periods in which the show was on the air. Other variability is 
present in the data, but the predominant pattern is the presence of these spikes.  
In Figure 4, we restrict our attention to plotting daily trends in searches and spikes 
between November 1, 2010 and December 21, 2010. We chose a period this short because 
Google Trends data are only available at a daily rate when the search is restricted to a relatively 
short period of time. We chose these particular days because it is in the middle of 16 and 
Pregnant’s run since it first aired through the end of our sample period. As with the weekly data, 
we see the existence of spikes in the data that are well-timed to the release of a new show. 
Interestingly, the spike does not occur on the day the episode is released, but the following day. 
This makes sense if individuals watch the show at night and want to talk about it with their 
friends the next day. We view these spikes as supportive of extensive exposure to the show.  
 
V. EMPIRICAL METHODOLOGY 
A. Analysis of Google Search and Twitter Activity 
1. Use of High Frequency Data on Searches and Tweets 
What do people search for and tweet about in the immediate period following the release of a 
new episode? Data from Twitter and Google Trends is available at very high frequencies, either 
daily or weekly, providing us with the ability to look for spikes in search terms just after a new 
episode is aired. We took advantage of these data earlier in examining spikes for searches/tweets  
about the show itself; we formalize those analyses within an econometric framework here. We 
can also investigate other terms that individuals search for or tweet about, including terms related 
to birth control or abortion, which may also spike when a new episode is released. The methods 
for conducting these analyses are identical. 
More specifically, we estimate the following Ordinary Least Squares regression models:   
  16Pt = β0 + β1NewReleaset + β2Xt + εt     [1] 
  searchBCt = β0 + β1NewReleaset + β2Xt + εt     [2] 
where 16P represents the term 16 and Pregnant in a search or tweet, searchBC is shorthand for a 
search or tweet for a term like “birth control,” which would represent a form of pregnancy-
related behavior, NewRelease indicates that period in which a new episode is released, and X 
represents seasonal fixed effects (when we use weekly data from Google) and quadratic trends.  
We use two different units of time in our analysis. First, when we use Twitter data, we 
restrict our attention to those weeks in which the show is “in season,” and take advantage of 
daily variation in outcomes. We modify Equations  [1]  and  [2]  modestly in these models to 
include a lag of the day of new release since “instantaneous” responses may include the 
following day for a show that airs the prior evening. Second, when we use Google data, we 
consider the entire time period between January 2009, the beginning of the year in which the 
show began, and December 2012, and focus on weekly variation, distinguishing between the 
weeks in which a new episode was in season relative to other weeks of the year. In either case, 
we would conclude that the introduction of the show has an impact if β1 is positive. We consider 
any spike in searches or tweets about the show or any other search term occurring immediately 
following the release of a new episode to be causally related to the release of that episode.  
  We extend this analysis by directly treating searches/tweets about 16 and Pregnant as a 
measure of exposure and examining whether increased exposure (as captured by this measure) 
alters the likelihood of searching for other terms related to pregnancy determinants. Formally, we 
estimate the model: 
    searchBCt = β0 + β116Pt + β2Xt + εt     [3] 
This model has the advantage of being able to account for variation in the popularity of particular 
episodes of the show. In essence, placing an indicator for new release on the right hand side 
captures exposure to an episode of average popularity. Instead, by using a specific measure of 
the popularity of each individual episode taken from the same medium (i.e. tweets about birth 
control as a function of tweets about 16 and Pregnant), our model is more powerful. 
2. Use of Low Frequency Data on Searches and Tweets with Geographic Variation 
We also consider the relationship between searches/tweets for pregnancy-related 
behavior and exposure to 16 and Pregnant using lower frequency data that varies geographically. 
Searches/Tweets for 16 and Pregnant prior to the show’s introduction will be minimal, but those 
searches increase differentially in some states compared to others. This approach simply asks 
whether those differentials are linked to changes in search/tweet activity for our measures of 
pregnancy-related behaviors. A straightforward extension of the model represented in equation 
[3] captures the methodology we introduce here, as represented by equation [4]: 
    searchBCjt = β0 + β116Pjt + β2Ujt + γj + δt + εjt     [4] 
Much of the notation is as previously defined. The additional subscript j represents geography, 
states in this case.  State and period fixed effects are also added  along with U, the state 
unemployment rate. 
B. Analysis of Teen Births: Vital Statistics Natality Data with Geographic Variation   
To investigate whether exposure to the show, 16 and Pregnant, led to a change in rates of 
teen childbearing, we exploit the timing of the show’s introduction combined with geographic 
variation across media markets in ratings. We investigate whether there was a more rapid decline 
in rates of teen childbearing in locations in which the show was more widely viewed. We use 
quarterly variation in births in our analysis because, as a conceptual matter, changes in sexual 
behavior and birth outcomes are likely to adjust more slowly (if at all) in response to the airing of 
new episodes. The next sexual encounter may not be impending. A trip to the drug store, clinic, 
or doctor is required to obtain contraception. Pregnancies can occur only monthly and only with 
some probability even if the teen engages in unprotected sex. In these circumstances, lower 
frequency data makes more sense.  
The OLS representation of the relationship takes the following form:  
  ln(Bjt) = β0 + β1Rate16Pj*postt + β2Ujt + γt + δj + εjt  [5a] 
where j indexes media markets (DMAs) and t indexes quarters. The outcome variable of interest 
ln(B) represents the natural logarithm of the teen birth rate. The explanatory variable of primary 
focus is the interaction of Rate16P, which represents Nielsen ratings among those between ages 
12 and 24 for 16 and Pregnant, and post, which is an indicator variable for calendar quarters 
after June 2009 when the show began. The rest of the notation is the same as defined above.
23 
Our sample of births consists of births that were conceived between January 2006 and December 
2010, yielding 20 quarters of data. Along with data from 205 DMAs, our full sample consists of 
4,100 DMA by quarter observations.
24  
                                                 
23 When we estimate this OLS model and the IV version presented below, the regression is weighted by female teen 
population in the media market and standard errors are adjusted for clustering at the level of media market.  
24 In a log birth specification, a handful of observations get dropped because no births occurred in that DMA/quarter, 
explaining why listed sample sizes are often slightly less than this value.  
The model includes a measure of economic conditions in the state, captured by U, the 
DMA unemployment rate.
25  Previous work has found that weaker  economic conditions, are 
associated with lower rates of teen childbearing (e.g., Colen,  Geronimus, and Phipps, 2006; 
Kearney and Levine, 2012b). Because we are only using data over a relatively short time period, 
we do not include the usual list of other policy or demographic variables in our analysis because 
they do not have sufficient variation over this time period to be important.
26  
As described earlier, the ratings measure is an average ratings taking from aggregating all 
periods after 16 and Pregnant began and include Teen Mom and Teen Mom 2. The interaction of 
this constant measure of ratings with a post indicator clarifies that ratings prior to the show’s 
introduction are naturally set to zero and then take on the average value of the show’s ratings 
afterwards. The variation exploited by this empirical specification is the uniform shock that hit 
all markets when the show aired (which is captured by quarter fixed effects), plus the variation 
across places in how widely viewed the program was. As we described earlier, data limitations 
preclude us from exploiting variation over time within a market in the show’s popularity after its 
introduction.  
A critical issue in implementing this approach is accounting for the possibility that 
locations in which the show is more popular are not randomly selected. Perhaps the show is more 
popular in locations with elevated rates of teen childbearing. If so, OLS estimates of the 
                                                 
25 To construct DMA level unemployment rates, we applied county level unemployment rates available from the 
Bureau of Labor Statistics to a cross-walk from counties to DMAs. 
26 For example, none of the three main types of abortion restrictions, mandatory delay periods, state level restrictions 
on Medicaid funding of abortion, and parental notification laws changed across states during the 2006 to 2010 
period. Only three states changed welfare family cap policies. A number of states implemented Medicaid Family 
Planning waivers, but all in 2006 and 2007. The correlation at the state level between the real value of welfare 
benefits in 2006 and in 2010 is 0.97. For a discussion of targeted state level policies potentially relevant to teen 
childbearing, see the discussions in Kearney and Levine (2012b) and Lopoo and Raissian (2012). In addition to not 
having sufficient variation over the short time period analyzed, the fact that these policies are at the state level 
provides a complication for the potential inclusion of these policy controls in our DMA level analysis, since some 
DMAs cross state lines.  
  
relationship between ratings and teen childbearing would include a positive bias, incorrectly 
suggesting that higher ratings lead to more teen births. To account for time-invariant differences 
across markets, we include market level fixed effects in our regression models.  
  Yet we might still worry about unobserved time-varying differences across markets that 
correlate with both the popularity of the show and the subsequent rate of teen childbearing. 
Perhaps the show is particularly appealing to individuals living in locations where teen 
childbearing is rising (or, in the recent past, falling more slowly). If this were the case, the 
estimated relationship of interest in an OLS model even with fixed effects would have a bias 
towards finding a positive effect of the show on teen birth rates.  
To address this form of bias, we utilize an instrumental variables (IV) approach. We 
instrument for the show’s ratings using ratings among those between ages 12 and 24 for all 
shows that aired on MTV on weekday evenings between 9:00 and 10:00 in the 4 sweeps months 
preceding  the  introduction of 16 and Pregnant  (July 2008 through May 2009).  Since those 
ratings are determined prior to June 2009, our instrumental variable strips out the variation in 16 
and Pregnant ratings that are specifically attributable to that particular show, and potentially 
reflective of a time-varying latent preference for a show about teen mothers. Before 16 and 
Pregnant was introduced, MTV programming contained a range of other reality TV shows, but 
none were specifically related to teen childbearing.
27 
  The first stage regression in the IV framework takes the following form: 
  Rate16Pj*postt = β0 + β1MTV0809j*postt + β2Ujt + γt + δj + εjt  [5b] 
where MTV0809 represents the ratings among those between ages 12 and 24 for shows that aired 
between 9:00 PM to 10:00 PM on MTV between July of 2008 and May of 2009 in each media 
                                                 
27A number of shows aired on MTV during this time period, including Real World, The Hills, and The Challenge. 
Although all of the shows on MTV are geared towards teens/young adults, none of them share themes similar to 
those on 16 and Pregnant.  
market. It is time invariant. Its interaction with post is consistent with that between Rate16P and 
the  post  indicator, creating an instrumental  variable (labeled here as the interaction of two 
variables) that takes on the value of zero in the quarters before the show was introduced and the 
value of ratings for shows from 2008/09 in the following quarters. 
  To facilitate interpretation of the IV estimates, it is useful to consider the experimental 
analog. First, assume some degree of inertia exists in TV viewing, so that MTV has developed a 
brand loyalty leading certain individuals to be more inclined to tune in regardless of what is on. 
Now suppose MTV randomly changed content across markets such that a “treatment” group of 
DMAs would have seen the MTV programming content switch to 16 and Pregnant and a control 
group of DMAs would have continued with existing MTV programming, which is not about teen 
motherhood. We then would compare the subsequent change in teen births, asking whether there 
was a significant change between treatment and control DMAs. 
The experiment implicit in our IV analysis is related to this sudden change of content to 
16 and Pregnant, but the exposure is not a binary treatment variable. In our IV setting, the 
content of what was on the air changed across the country at the same time, but “control” and 
“treatment” groups are differentiated by the size of the MTV audience in the immediately 
preceding  period.  Those locations in which the  MTV  audience is relatively small better 
approximates the control group and locations in which the audience is relatively large better 
approximates the treatment group. The treatment effect is identified off the relative change in 
outcomes  in relation to the relative  size of the pre-existing  MTV audience.   If the show is 
effective at changing attitudes and behaviors, then we would expect to see a relatively larger 
decline in rates of teen childbearing in places with a larger MTV viewership.
28    
                                                 
28To be clear, this approach is not designed to identify the effect of assigning a random teenager or young adult to 
watch 16 and Pregnant.  Individuals select into MTV viewership in all periods. We are identifying the effect of the  
 The concept of the IV approach is apparent in the reduced form specification:  
  ln(Bjt) = β0 + β1MTV0809j*postt + β2Ujt + γt + δj + εjt  [5c] 
The explanatory variable MTV0809j, which is constant over time within a media market, captures 
longstanding differences in teen birth rates in relation to the characteristics of the typical MTV 
audience. This term is not included alone because it is captured by market fixed effects. The 
interaction of this variable with the “post” indicator captures the change in that relationship, 
which could plausibly be assigned to the change in content of what is being aired for that same 
audience. This idea mimics the underlying experiment that our IV strategy is seeking to simulate. 
For this  IV  approach to be valid, we need to maintain an exclusion restriction that 
subsequent trends in teen childbearing would not be correlated with earlier MTV ratings except 
for a direct effect of 16 and Pregnant. We also need the relationship between the earlier MTV 
ratings and the later 16 and Pregnant ratings to be monotonic. Figure 5 demonstrates that this 
relationship holds. It presents a simple scatter plot depicting the relationship between these MTV 
ratings before 16 and Pregnant started and the ratings for these shows in the period after its 
introduction across DMAs. The pattern is clearly linear. A bivariate regression between these 
two variables yields a t-statistic of around 8.0, both weighted and unweighted. The coefficient 
itself suggest that ratings for 16 and Pregnant are 1.38 points higher (more than double) than 
they were for a typical MTV show that aired on weekday evenings in 2008-09. The correlation 
coefficient is around 0.5 weighted or unweighted. Given the strength of these relationships, it is 
                                                                                                                                                             
show on teen births given the realized MTV audience. This approach allows us to say what happened because the 
show was on the air. The effect might have occurred entirely among MTV viewers, or perhaps there were spillover 
effects, say in the form of changing peer group norms, to non-MTV watching individuals. The effect that we observe 
should be thought of as the effect of the show’s content on attitudes and behaviors, combined with MTV’s ability to 
draw in an audience of teens who are susceptible to being influenced by MTV content and for whom becoming a 
teen mother is a possibility, or who have influence on another individual who might become a teen mother. To state 
the obvious, if no one watched MTV, or if the only ones who watched MTV were individuals who would never 
become teen mothers (or influence someone who might), then regardless of how compelling the content of this show 
was, it would not have affected outcomes.  
not surprising that we satisfy the need for sufficient power in our first stage regression; the F-
statistic on the omitted instrument is 46. 
In an alternative specification, we examine the time path of the impact on birth rates as a 
function of exposure to the content of 16 and Pregnant episodes. The time path of any change in 
a behavioral outcome  is determined by two phenomena. First, the impact of the show on 
behavior might accumulate over time, so the change in outcomes might accumulate. Second, 
outcomes such as getting pregnant or meeting a suitable sexual partner only occur with some 
probability in any given month, so the impact on outcomes will occur gradually even if the 
change in attitudes or behaviors occurs immediately. We can also examine the time path leading 
up to the introduction of the show to determine if any systematic changes in birth rates were 
occurring prior to the show’s introduction. If so, it may signal a spurious relationship between 
the show’s initial release and behavioral outcomes.  
The augmented regression model takes the following form:  
  Ln(Bjt) = β0 + α1(RATE16Pj*preQ3jt) + α2(RATE16Pj*preQ2jt) + α3(RATE16Pj*preQ1jt)    
     
  + β1(RATE16Pj*postQ1jt) + β2(RATE16Pj*postQ2jt) + β3(RATE16Pj*postQ3jt)   [6] 
 
  + β4(RATE16PEj*postQ4+jt) + β4Ujt + γt + δj + εj   
 
The  “pre” terms represent quarters prior to the introduction of the show. The “post” terms 
capture the differential change in the behavioral outcome as a function of show exposure for the 
first, second, third, or subsequent (“4+”) quarters after initial airing on June 2009. We use an 
analogous instrumental variables procedure to estimate this model, interacting our single 
instrumental variable, MTV0809, with the relevant quarterly indicators. 
VI. ECONOMETRIC RESULTS 
A.  Impact on Searches/Tweets  
  We begin reporting our econometric results in Table 1, which includes a high frequency 
analysis of the relationship between the release of a new episode and tweets/searches about the 
show, as expressed in Equation [1]. Using weekly data from Google Trends and daily data from 
Twitter, which are the highest frequency data available in both sources, we find that search and 
tweet activity spikes right at the moment that a new show is released. In Google, the search index 
for 16 and Pregnant jumps 39 points (out of a maximum of 100) in the weeks in which a new 
episode is released. In Twitter, tweets rise 28 percent the day a new episode airs and 109 percent 
(100*(e
β – 1) where β = 0.249 and 0.738) the following day. The magnitude of these results is 
not surprising based on the visual representation of these relationships in Figures 3 and 4, which 
display very large spikes in search activity and tweets right around the time that new episodes are 
released. It would be difficult to question the conclusion that individuals respond to this show 
online in quite meaningful ways. We interpret these responses as an indication that exposure to 
the show was quite strong. 
  Table 2 reports the results of a similar analysis focusing on the impact of the release of a 
new episode on searches and tweets about activities that would alter childbearing outcomes (see 
Equation [2]). The left side of the table reports results based on our analysis of Google searches. 
We focus on search terms related to contraceptive use (“how get birth control” and “how get 
birth control pill”) and  abortion demand (“how get abortion”), but we are unable to detect 
statistically significant effects here. We conduct a similar exercise using Twitter data in the right 
side of the table, focusing on tweets that mention birth control or abortion. Using these data, we 
see that tweets including the term, “abortion,” rise by about 14 percent on the day a new episode 
is released and an additional 21 percent the following day. Tweets including the term “birth 
control” rise by 12 percent the day a new episode is released and 23 percent the following day.   
  In Table 3, we continue to focus on the same outcome measures as in Table 2, but we 
related them to the level of searches/tweets about 16 and Pregnant, rather than indicators for 
when the show is on the air. The top panel of the table reports results using national, high 
frequency data, as represented in equation [3]. Indeed, when we modify our specification in this 
way, we see that increases in Google searches for 16 and Pregnant are estimated to generate a 
statistically significant increase in searches for “how get birth control pills.” Similarly, when we 
turn to Twitter data on the right side of the table, we see that the elasticity between tweets 
containing “birth control”/”abortion” and tweets containing 16 and Pregnant is 0.077/0.064; 
both are statistically significant.  
  This table also presents the results from estimating equation [4], which exploits 
geographic variation in search activity. In our analysis of Google Trends data, we restrict our 
attention to the changes that take place before and after the introduction of the show in June of 
2009 because of limited geographic data availability over relatively short periods. Geographic 
units are states and changes over time are measured over the intervals, 2005 through May 2009 
and June 2009 through 2010. The longer interval in the pre-period is attributable to lower search 
volume over that period and the desire to obtain the largest feasible sample of states (recall that 
states with too low a search volume for a particular term are not reported in Google Trends). In 
our analysis of Twitter data, we focus on the period between January 2009 and December 2012, 
breaking up that larger period into 11 intervals in which the show was and was not on the air.  
  The results of this analysis further suggest that 16 and Pregnant influenced individuals’ 
searches and tweets about birth control and abortion. In states in which search activity for 16 and 
Pregnant rose following the introduction of the show, searches related to getting birth control  
and abortion also rose.
29 Tweets including the term, “birth control,” also rose by a statistically 
significant 13.7 percent in response to increased rates of Twitter activity regarding the show. 
Overall, the evidence reported here strongly suggests that exposure to 16 and Pregnant altered 
searches and tweets by (presumably) teens regarding abortion and contraception, providing 
perhaps a glimpse into their thinking regarding these intermediary steps leading to giving birth. 
B.  Impact on Teen Birth Rates 
 
  The remainder of our analysis focuses on the relationship between exposure to 16 and 
Pregnant and teen childbearing outcomes directly. The clear advantage that we have in this 
analysis is the virtual universe of birth outcomes available from the Vital Statistics system. The 
fact that county identifiers are also available in these data to construct births by DMA is also a 
huge advantage in that it enables us to merge these birth data with the Nielsen ratings data that 
we use to measure exposure. Again, we aggregate those ratings data from all the 16 and 
Pregnant family of shows (including Teen Mom and Teen Mom 2) in the period after they began 
in June of 2009 through the end of 2012 to overcome excess noise in the data attributable to 
small samples within the 12 to 24 year old demographic group in each DMA at a point in time. 
We continue to use the label, 16 and Pregnant, to facilitate the subsequent discussion. 
  We begin the presentation of these results in Table 4, which provides estimates of the 
impact on birth rates for women between the ages of 15 and 19 at the time of conception. The 
first stage results, not reported in this table, yield a coefficient on the earlier MTV ratings of 1.44 
with a standard error of 0.21. The first column provides IV estimates as described by equations 
[5a] and [5b]. The results indicate that a one point increase in ratings for 16 and Pregnant (about 
                                                 
29 The more specific search regarding how to get birth control pills resulted in too little search activity at the state 
level to be useful for this analysis as most states had no reported index value in the earlier period.  
50 percent of its average value) reduces the teen birth rate by 3.16 percent, which is statistically 
significant at any standard level.  
Column 2 provides evidence that the estimated timing of an impact of the show on teen 
childbearing is consistent with a causal effect. It represents estimates obtained from the 
analogous IV version of equation [6], which distinguishes the impact of the show on teen 
childbearing by quarters before and after its introduction. In this model, we see a marginally 
significant impact (p-value = .097) of the show the quarter immediately preceding its 
introduction. This could be because the show started airing in June of 2009 and because dating of 
conceptions is not exact, so some of the treatment may have spilled over into the quarter 
preceding the third quarter of 2009. Nevertheless, the estimated impact of the show beginning in 
the 3
rd quarter of 2009 (i.e. Q1Post) are mainly negative and significant. They are also fairly 
uniform for the remainder of the sample period. Although the estimate for the third quarter after 
the show was introduced is smaller and not significant, we are not surprised that there is some 
noise in the quarterly patterns of the estimated effect.
30 Our conclusion from these specifications 
is that they provide evidence that the show had a statistically significant, causal, negative impact 
on teen childbearing. Time patterns of these effects are sufficiently stable that it is appropriate to 
consider the effect to be reasonably uniform.  
The remainder of Table 4 reports the results of the main reduced form specification, like 
in equation [5c], the analogous reduced form model distinguishing effects by time period relative 
to the introduction of the show  (the  reduced  form version of equation [6]), and OLS 
specifications constraining the effects to be constant and allowing them to change over time 
(equations [5a] and [6]). The reduced form specifications provide results that are directly 
                                                 
30 Tests of differences in these coefficients indicate that we cannot reject the hypothesis that all coefficients after the 
introduction of the show are equal.   
comparable to those reported in Columns 1 and 2 using instrumental variables. The OLS results 
are more positive than those observed using instrumental variables, which is what we would 
predict if locations experiencing increasing relative rates of teen childbearing are also those 
where teens want to watch a show about it.  
  In Table 5, we report  estimates from  IV  and reduced form  models for different 
subpopulations, imposing uniformity in the estimated impact based on the aggregated results 
reported in Table 4. First we split teens into those who are 15 to 17 and those who are 18 or 19. 
We also consider births to somewhat older women, including those 20 to 24 and 25 to 29. The 
results for women in the first three of these age groups are comparable to the overall pattern for 
teens. Our preferred IV  estimates are uniformly negative for all  groups under age 25  with 
roughly similar magnitudes. We do not consider it surprising that those 20 to 24 respond as 
strongly as younger women. Nielsen data suggest that ratings among those who are between the 
ages of 12 and 17 are similar to those who are between the ages of 18 and 24. For those who are 
25 to 29, however, we see smaller and statistically insignificant estimates, as we might expect.  
In the final three columns of Table 5, we distinguish teens by their race and ethnicity. 
These results suggest that the impact of 16 and Pregnant on teen fertility is greatest for black, 
non-Hispanic teens. The difference in estimated effects between black, non-Hispanic teens and 
other teens is statistically significant. The estimated effect for Hispanic teens is greater than the 
aggregate effect, but imprecision in that estimate makes it statistically indistinguishable from 
zero or from either of the other two groups. We are unable to find much of an effect among white 
teens.  This pattern in the results is consistent with average ratings among those between ages 12 
and 24 for all three shows in the 16 and Pregnant family. National ratings data indicate that  
black, non-Hispanics are around 30 percent more likely to watch these shows than white, non-
Hispanics or Hispanics.
31 
  Taking these results as a whole, we conclude that 16 and Pregnant had a sizable, causal 
impact on teen birth rates. We implemented an IV methodology designed to overcome the 
problem of endogenous viewership for 16 and Pregnant, and our results indicate a negative and 
significant negative effect on teen births. We also find that the timing of the impact of the show 
coincided exactly with its introduction. Finally, we observe that the impact of the show was 
pronounced for those age groups who actually watched it in great numbers (up to age 24), but 
dropped off considerably for those in the 25-29 age group. All of these findings support a causal 
interpretation of our results. 
The specification we prefer is in Table 4, Column 1, which reports the results from an IV 
model in which we estimate a constant impact of the show after it began.
32  This estimate 
suggests that a one point increase in Nielsen ratings for 16 and Pregnant and its companion 
series reduced teen birth rates by 3.16 percent. To interpret the magnitude of this estimate, we 
note that ratings for these shows averaged 1.8 ratings points. This means that the shows would 
have contributed to a 3.16*1.8 = 5.7 percent reduction in teen births over our sample period after 
they began in the middle of June 2009. According to our data, between the 4
th quarter of 2008 
and the 4
th quarter of 2010, the quarterly teen birth rate (defined by age of conception) fell from 
                                                 
31Ratings data by race/ethnicity for these shows were provided to us by Nielsen. We are unable to conduct a full-
scale analysis by race and ethnicity, because sample sizes by DMA are too small to construct race/ethnicity-specific 
ratings estimates, as we have detailed earlier. 
32That constant impact may be attributable to the fact that data limitations restricted us from allowing the ratings to 
vary after it started. The proper interpretation is that markets in which 16 and Pregnant was generally more popular 
experienced a reduction in teen childbearing that did not change over time. It does not tell us that the impact was 
insensitive to changing market exposure once the show began.  
14.62 to 12.05, representing a fall of 17.6 percent.
33 The predicted drop attributable to 16 and 
Pregnant can explain 5.7/17.6 or 32.4 percent of this decline. 
  One thing that is clear based on the results presented in Tables 4 and 5 is the importance 
of labor market conditions in determining teen childbearing outcomes. The estimated effect 
suggests that when the labor market is weak, teens (like older women) respond by having fewer 
children. The effect is rather large as well; a one percentage point increase in the unemployment 
rate reduces the teen childbearing rate by about 2 percent. This means that the five point increase 
in the unemployment rate that the U.S. experienced in the Great Recession would generate a 10 
percentage point reduction in teen childbearing. This finding is consistent with the results in 
Kearney and Levine (2012b), which addresses this issue in more detail. Overall, our findings 
suggest that the vast majority of the decline in teen childbearing since 16 and Pregnant first aired 
in June of 2009 can be attributed to the show and to the weak labor market. 
VII. DISCUSSION 
  Using data from numerous sources, we examined the impact that the MTV show, 16 and 
Pregnant, has had on on-line  search and Twitter activity and,  ultimately,  on rates of teen 
childbearing in the United States. Our results suggest the introduction of the show led young 
women to search and tweet about birth control and abortion, indicating that it had some influence 
on them in a way that could potentially change their behavior. We also find that exposure to the 
16 and Pregnant shows had a sizable impact on the rate at which teens give birth in the United 
States, generating a 5.7 percent reduction in teen teen births that would have been conceived 
between June 2009, when the show began, and the end of 2010. That can account for roughly 
one-third of the decline over that period. We do not have sufficient data to carefully evaluate the 
                                                 
33We use a Q4 to Q4 comparison because of the clear seasonality in teen birth rates. Because detrended teen birth 
rates probably fell somewhat between Q4 of 2008 and Q2 of 2009, our estimates of the impact of 16 and Pregnant 
are likely to be slightly understated.  
role  that more frequent use  of abortion played in contributing to this effect. We do know, 
however, that aggregate abortion rates for teens were also declining over this period (Pazol, et 
al., 2013), suggesting that a reduction in pregnancy is the likely mechanism. 
The finding that 16 and Pregnant had an impact suggests that MTV drew in teens who 
actually were at risk of teen childbearing and conveyed to them information that led them to 
change their behavior, preventing them from giving birth at such a young age. The fact that MTV 
knows how to make shows that teens like to watch, which speak to them in ways that resonate, 
presumably is critical to the show’s impact. Apparently, this approach has the potential to yield 
large results with important social consequences. Typically, the public concern addresses 
potential  negative influences of media exposure, but this study finds it may have positive 
influences as well. Presumably the effect on the attitudes or behaviors of teens and young adults 
could be positive or negative, depending on the specific media content and context.  We find that 
media has the potential to be a powerful driver of social outcomes. 
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Table 1:  Impact of Episode Release on National Google Searches and Tweets  
about 16 and Pregnant 
   
Google Trends Index Value, 
16 and Pregnant 
 
ln(Tweet Rate),  
16 and Pregnant 
Week New 16 and Pregnant Episode Released  38.99 
(1.95) 
 
     
Day New 16 and Pregnant Episode Released    0.249 
(0.134) 
     
Lagged Day New 16 and Pregnant Episode Released    0.738 
(0.125) 
     
Number of Observations  209 weeks  336 days 
Notes: Google Trends data are weekly observations between January 4, 2009 and December 30, 2012. Twitter data 
are daily observations between January 1, 2009 and December 31, 2012, but just “in-season” days. Standard errors 
reported in parentheses. These models also include quadratic trends and, in Google Trends analysis, seasonal 
dummy variables. Twitter regressions are weighted by the total number of tweets made on each day. 
    
 
  Table 2:  Impact of Episode Release on National Google Searches and Tweets  
about Sexual Activity, Contraception, and Abortion 
   
Google Trends: Search Index 
 
Twitter: ln(Tweet Rate) 
 
“How Get 
Birth Control” 
 
“How Get 
Birth Control 
Pill” 
“How Get 
Abortion”   
 
 
“Birth 
Control”  “Abortion” 
Week New 16 and Pregnant 
Episode Released 
 
0.813 
(1.209) 
3.134 
(1.930) 
-1.555 
(1.742) 
  ---  --- 
Day New 16 and Pregnant 
Episode Released 
 
---  ---  ---    0.120 
(0.047) 
0.142 
(0.036) 
Day New 16 and Pregnant 
Episode Released - Lagged 
 
---  ---  ---    0.230 
(0.058) 
0.212 
(0.046) 
Number of Weeks (Searches)/ 
Days (Tweets) 
209  209  209    336  336 
Notes: See notes to Table 1. 
 
   
 
Table 3:  Impact of Searches/Tweets about 16 and Pregnant on Searches/Tweets about  
Sexual Activity, Birth Control, and Abortion 
   
Google Trends: Search Index 
 
Twitter: ln(Tweet Rate) 
 
 
 “How Get  
Birth Control” 
 
“How Get  
Birth Control 
Pill” 
“How Get 
Abortion” 
 
“Birth 
Control”  “Abortion” 
 
National, High Frequency Data 
 
Search Index/ln(Tweet Rate) 
16 and Pregnant 
 
0.019 
(0.025) 
0.093 
(0.040) 
-0.054 
(0.036) 
  0.077 
(0.034) 
 
0.064 
(0.025) 
 
Number of Weeks (Searches)/ 
Days (Tweets)  209  209  209 
 
336  336 
 
State-Level, Lower Frequency Data 
 
Search Index/ln(Tweet Rate) 
16 and Pregnant 
 
0.751 
(0.127) 
--- 
--- 
0.505 
(0.239) 
  0.137 
(0.054) 
-0.087 
(0.075) 
Number of States/Periods  30  ---  24    537  537 
Notes: For national, high frequency specifications, see notes to Table 1. For state-level, lower frequency data, 
Google Trends data represent two periods, January 2005 through May 2009 and June 2009 through December 2010. 
These data are only available for states with enough searches for data to be regularly reported (see the text for a 
discussion of this issue). Twitter data represent 51 states and 11 time periods between January 2009 and December 
2012 when 16 and Pregnant was on and off the air. A small number of observations are dropped because no tweets 
were reported in that state and period (small states in early periods) and this is a log specification. Standard errors 
reported in parentheses. All regressions include state and period fixed effects and estimates are obtained from 
models weighted by the total number of tweets made in the state/period. 
 
    
Table 4: Estimates of the Impact of 16 and Pregnant Ratings on Teen Birth Rates 
   
IV 
(1)              (2) 
 
Reduced Form 
(3)              (4) 
 
OLS 
(5)              (6) 
Rating  -3.160    -4.567    -0.838   
  (0.951)    (1.280)    (0.523) 
 
 
Rating*Q3Pre    -0.974    -1.387    0.078 
    (1.117)    (1.653)    (0.531) 
 
Rating*Q2Pre    -0.179    -0.179    -0.507 
    (1.138)    (1.667)    (0.758) 
 
Rating*Q1Pre    -2.099    -2.989    0.039 
    (1.259)    (1.761)    (0.632) 
 
Rating*Q1Post    -4.489    -6.487    -1.249 
 
 
  (1.373)    (1.904)    (0.727) 
Rating*Q2Post    -4.287    -6.192    -1.235 
 
 
  (1.189)    (1.607)    (0.622) 
Rating*Q3Post    -1.366    -1.921    0.135 
 
 
  (1.271)    (1.876)    (0.690) 
Rating*Q4-6Post    -3.434    -4.960    -0.804 
    (1.244) 
 
  (1.689)    (0.693) 
Unemployment   -2.232  -2.241  -2.090  -2.105  -2.074  -2.060 
Rate  (0.363)  (0.374)  (0.365)  (0.371)  (0.361)  (0.362) 
Notes:   The data used for this analysis represents quarterly birth rates by DMA for conceptions leading to live births 
between 2006 and 2010. The sample size in each model is 4099 (205 DMAs, 20 quarters, and one observation was 
dropped because there were no teen births). The dependent variable, the birth rate, is measured in natural logs. 
Coefficients and standard errors (reported in parentheses) are multiplied by 100. Each model also includes quarter 
and DMA fixed effects. As described in the text, the relevant first stage regression for Column 1 yields a coefficient 
on the earlier MTV ratings of 1.44 with a standard error of 0.21. Regressions are weighted by the relevant sample 
sizes for each outcome. Reported standard errors are clustered at the DMA level.  
 
Table 5: Estimates of the Impact of 16 and Pregnant Ratings on Birth Rates, by Demographic Group 
   
Age  
15-19 
 
Age  
15-17 
 
Age  
18-19 
 
Age  
20-24 
Age  
25-29 
White, 
Non-Hispanic 
Age 15-19 
Black, 
Non-Hispanic 
Age 15-19 
 
Hispanic 
Age 15-19 
 
IV 
 
Rating  -3.160  -3.067  -2.936  -4.064  -1.585  -0.990  -5.793  -3.574 
 
 
(0.951)  (0.940)  (1.057)  (1.045)  (0.939)  (1.074)  (1.835)  (2.676) 
Unemployment  -2.232  -2.618  -1.911  -2.175  -0.434  -1.150  -0.594  -2.568 
Rate  (0.363)  (0.332)  (0.405)  (0.331)  (0.239)  (0.323)  (0.503)  (0.862) 
 
Reduced Form 
 
Rating  -4.567  -4.431  -4.242  -5.844  -2.316  -1.431  -8.259  -5.182 
 
 
(1.280)  (1.258)  (1.510)  (1.258)  (1.248)  (1.677)  (2.624)  (4.234) 
Unemployment  -2.090  -2.480  -1.779  -2.000  -0.357  -1.106  0.867  -2.409 
Rate  (0.365)  (1.256)  (0.405)  (0.303)  (0.216)  (0.345)  (0.531)  (0.946) 
 
Sample Size  4,099  4,085  4,096  4,100  4,100  4,092  3,770  3,957 
Notes: This data used for this analysis represents quarterly birth rates by DMA for conceptions leading to live births between 2006 and 2010. The sample size in 
each model starts at 4,100 (205 DMAs, 20 quarters, and then drops DMA/quarter cells in which there were no teen births). The dependent variable, the birth rate, 
is measured in natural logs. Coefficients and standard errors (reported in parentheses) are multiplied by 100. Each model also includes quarter and DMA fixed 
effects. Regressions are weighted by the relevant sample sizes for each outcome. Reported standard errors are clustered at the DMA level. 
 
 
    
Figure 1: Nielsen Ratings for 16 and Pregnant/Teen Mom/Teen Mom 2 for those Aged 12 to 24, 
by Designated Market Area 
 
   
Source: Authors’ calculations based on Nielsen data from 2009 through 2012.  
Figure 2: Teen Birth Rates in 2008 by Designated Market Area 
 
 
   
Source: Authors’ calculations based on Vital Statistics birth data.   
   
APPENDIX A: Contents of “16 and Pregnant” Episodes 
 
 
1)  Show caters to teens in states with high teen birth rate 
a.  (15/47 in TX, FL, AL) 
 
2)  Ambivalence towards teen pregnancy is rampant 
a.  Only 18 out of 47 report opposition to their pregnancy when they found out, 
although none report that they were looking to get pregnant 
b.  Once pregnant, 43 of 47 report ambivalence towards giving birth 
c.  Most common reasons for getting pregnant include inexperience (36/47) and 
ambivalence (28/47). Only 5/47 report trying to avoid a pregnancy but failed 
 
3)  Abortion is rarely discussed and the decision not to have one is more about ambivalence 
than constraints 
a.  Most (35/47) did not discuss considering an abortion 
b.  Of those the 12 that did, only 3 didn’t abort because of a philosophical objection 
c.  1 did so because they were afraid to tell their parents in a parental consent state 
 
4)  Contraceptive mistakes not major cause of pregnancies 
a.  Most (36/47) report not using contraception at time of pregnancy (can’t tell for 2 
others) 
b.  Of those 9 who report using contraception, 7 report using pill 
c.  Suggests either not telling the truth or not taking pill every day 
 
5)  Relationships were monogamous  
a.  no girl reported having sex with other partners at time of pregnancy 
 
6)  Limited information about girls’ family background 
a.  Most girls (38/47) did not live in two parent households at time of pregnancy. 
b.  Very little specific information provided about the families of the girls (parents’ 
employment, occupation, education) 
 
7)  Demographics of the girls largely match demographics of the population, but do not 
match demographics of teen girls giving birth 
a.  32/47 of girls are non-Hispanic white, eight are Hispanic, five are black, non-
Hispanic, and two are other race, non-Hispanic 
 
8)  The vast majority of the boyfriends stick around, although relationships are strained 
a.  Of all the pregnancies, only four led to a marriage prior to the birth 
b.  Almost all (40/47) of the boyfriends stick around through the pregnancy 
c.  By the end of the episode (on average, about a month after birth), most (32/44) 
are still in relationship after the birth (note that there were three adoptions) 
d.  Many, but not all fathers (31/44) are living with their children 
e.  For a large minority (12/32) of those still in relationship, that relationship is very 
strained.  
f.  Of all the pregnancies, only four led to a marriage prior to the birth 
g.  The majority of fathers (26/44) are still heavily involved in their child’s life, and 
most of the rest (14/44) have limited involvement. Only 4/44 are totally out of 
picture 
 
9)  After the birth, parents of teen often heavily involved 
a.  Most parents (42/47) involved in teen’s life during pregnancy and 32 of them 
provide active support during and after pregnancy 
b.  Majority of girls (32/44) still live with parents after giving birth 
 
10)  Girls on the show are doing well in their educational attainment under the circumstances 
a.  Only 11 of 44 of teen mothers have dropped out. This is not much higher than the 
national average for all students.  
 
11)  Health issues for the mother and the child were prevalent at “normal” rates 
a.  11 out of the 47 births took place via C-section 
b.  Six out of 47 births involved some health complication for the child 
c.  Five out of the 47 mothers experienced some health problems themselves during 
pregnancy (early contractions, bed rest, preeclampsia) 
d.  Some level of sleep deprivation was rampant 
e.  Little indication that giving birth led to satisfaction or joy from the experience 
    
APPENDIX B: Specific Tweet Content 
We consider it beyond the scope of our research to systematically review the specific content of 
the millions of tweets that address 16 and Pregnant. But we did run a basic search and scan a 
handful of the specific tweets using data available from search.twitter.com.
34 We found that 
instructive, and share some of our findings here. 
 
When we have done this for the search term, 16 and Pregnant, a small number of the resulting 
tweets indicate that the person was making a largely innocuous tweet: 
 
When I go places with Tessa people give me rude looks because they think she is 
my baby and I was 16 and pregnant.  
 
In many other instances, the tweet is clearly about the show, although still largely content free:  
 
I just saw a fat kid wearing a shirt that said 16 and Pregnant.  
 
Others are clearly more pointed and give an indicating of what the person tweeting is actually 
thinking:  
 
16 and Pregnant just makes me not ever want to have a kid hahaha. 
  
still not overly impressed with my decision to take a spring class. I’ve seen better choices 
on 16 and Pregnant.  
 
Examples of tweets that capture the potential glamorizing effect are also present, but far less 
common: 
 
I wanna be 16 and pregnant. Who wanna be my baby daddy?  
   
Perhaps more revealing are the results one obtains from a similar exercise where the search 
terms include “16 and Pregnant” and “birth control.” The types of tweets that routinely appear 
include the following: 
 
16 and Pregnant is a great way of birth control. 
 
seriously, watching #16 and Pregnant is birth control itself 
  
watching 16 and Pregnant is a great refresher on why NOT to get pregnant. Perfect 
birth control 
 
Teen Mom and 16 and Pregnant are birth control for me … That shit makes me never 
want kids. 
 
                                                 
34 These exact tweets may not be reproducible from that source in the future because it is based on searches of recent 
tweets. We have screen shots capturing what was returned when we conducted these searches.   
Tweets that mention 16 and Pregnant and abortion largely take two forms. Some are purely 
political:  
 
Romney is against abortion so basically that means 3676 new seasons of teen 
mom and 16 and pregnant. 
 
If abortion was running for public office, "16 and Pregnant" would be its most 
effective campaign ad,”  
 
this week on 16 and pregnant the virgin mary has to deal with joseph trying to 
pressure her into an abortion. 
 
Others clarify that the individuals are thinking about abortion more broadly:  
 
Watching 16 and pregnant, I'd rather have an abortion than give my baby up for 
adoption.  
 
Good thing I never have to choose, 
 
What would happen if you were 16 and pregnant? — i dont know to be honest, im 
against abortion, hopefully im not. 
 
 
 